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ABSTRACT

KEYWORDS: Speaker Verification; Continual Learning; Catastrophic Forgetting;

Stability v/s Plasticity Dilemma; Audio Processing; Class Incre-

mental Training; Speech and Audio Applications

Speaker verification (SV) focuses on confirming or denying the claimed identity of a

speaker. It is a one-to-one comparison between the test utterance and the claimant’s

stored reference voice sample. This process is commonly used in security applications

for access control and authentication. One of the popular approaches to building SV

systems is to use a speaker identification embedding/encoder model as a feature ex-

tractor that is pre-trained on a large number of known speakers. While Deep Neural

Networks (DNNs) as encoders have achieved significant benchmarks in SV, they of-

ten fail to adapt to new data due to catastrophic forgetting. In such cases, Continual

Learning, a technique involving incremental learning or task-based learning, empowers

the model to retain previously learned information and handle diverse new information

when available. However, adapting SV models to handle new classes without complete

retraining remains challenging. Using the Voxceleb2 dataset, one of the largest datasets

with over 6000 speakers from 145 nationalities, this study explores the implementation

of different settings to develop models flexible enough to generalize to distributional

shifts in the data without requiring complete retraining. The research investigates how

continual learning techniques can effectively help speech verification systems adapt and

scale to maintain model performance while accommodating a vast and dynamic array

of classes. Through empirical evaluations on benchmark datasets and simulated real-

world scenarios, the study assesses the efficacy of various continual learning approaches

in mitigating forgetting and adapting to new classes in speaker verification tasks.
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CHAPTER 1

INTRODUCTION

1.1 Background

Human voices carry unique characteristics due to individual anatomical structures like

the size of the larynx, the shape of the vocal tract, and distinct speaking styles such as

accents. These unique vocal traits form the basis for voice biometrics, which are used in

identification and authentication technologies. Speaker verification (SV) involves veri-

fying the claimed identity of a speaker using their voice. This is a crucial task in speech

processing with extensive real-world applications, such as voice-based device authen-

tication for smartphones, smart home systems, and vehicles, as well as in combating

telecommunication fraud by identifying scammers.The process of speaker verification

can be broken down into three primary stages: training, enrollment, and evaluation.

During the training phase, a large dataset of speech samples from numerous speakers is

utilized to develop a speaker embedding extractor and a scoring function. This stage is

crucial as it lays the foundation for the system’s ability to distinguish between different

speakers. In the enrollment stage, a few utterances from a specific speaker are used

to create a unique speaker model. This model serves as the reference against which

future utterances will be compared. Finally, in the evaluation stage, a new utterance is

compared to the enrolled speaker model to verify the claimed identity. If the evalua-

tion score exceeds a predefined threshold, the identity claim is accepted; otherwise, it

is rejected.

1.1.1 Types of Speaker Recognition Methods

Speaker recognition encompasses various techniques that are differentiated by their

recognition policies and environmental conditions. This section delves into the different

sub-domains of speaker recognition, categorized according to the specific recognition

criteria they employ. Speaker verification can be divided into text-dependent and text-

independent categories. In text-dependent SV, the speech content during the enrollment



and evaluation stages is restricted to specific phrases. Conversely, in text-independent

SV, the speech content is not restricted and can be entirely spontaneous. Text-dependent

systems are becoming obsolete as users often consider text-dependency as a limitation.

A brief overview about the types of Speaker Recognition strategies can be seen in Fig-

ure 1.1.

Figure 1.1: Different Types of Speaker Recognition Strategies.
Ohi et al. (2021)

1. Speaker Verification
Speaker verification focuses on confirming or denying a user’s claimed identity
based on their voice. Conceptually, this task can be framed as a binary clas-
sification problem. A deep learning-based speaker verification system aims to
determine if a given voice sample matches the claimed identity. The objective is
to train a model with parameters wf that minimizes the loss function L. This can
be formally expressed as:

L(fwf
(x), y),

here, fwf
(·) represents a deep neural network model parameterized by wf , which

produces predictions ŷ. The goal is to adjust wf such that the loss L(·, ·) is min-
imized, thereby optimizing the model’s performance in distinguishing between
authentic and impostor voice samples.

2. Speaker Identification
Speaker identification involves identifying the speaker of a given utterance from
a predefined set of registered speakers. Unlike speaker verification, which is bi-
nary, speaker identification is a multi-class classification problem. The system
must determine which speaker from a set of n speakers produced a given speech
sample. Mathematically, this can be described by the following expression:

L

(
argmax

y
{f1wf1(x), f2wf2(x), . . . , fnwfn(x)}, y

)
2



In this equation, fiwfi(·) denotes the deep neural network classifier that estimates
the probability of the i-th speaker being the source of the utterance, where i ≤ n.
Speaker identification systems can also be seen as an extension of speaker veri-
fication systems, as they can be constructed by combining multiple verification
models to handle the multi-class nature of the identification problem.

3. Speaker Diarization
Speaker diarization is another variant of speaker identification, primarily used in
scenarios where it is necessary to determine "who spoke when." This is partic-
ularly useful in automated speech transcription systems, which need to segment
and label the speech from multiple speakers within a single audio stream. Unlike
standard speaker identification, which typically deals with identifying a single
speaker per utterance, speaker diarization must handle overlapping speech from
multiple speakers, making it a multi-output/multi-label classification problem.
Importantly, speaker diarization systems usually operate without a prior enroll-
ment process and work unsupervised to distinguish and label speakers.

4. Speaker Verification in the Wild
Speaker verification "in the wild" refers to the application of speaker recognition
techniques in real-world scenarios where the conditions are uncontrolled and un-
predictable. This includes environments with various types of background noise,
reverberation, channel distortions, and other acoustic interferences. In-the-wild
speaker recognition tasks combine elements of verification, identification, and
diarization, requiring robust models capable of handling diverse and corrupted
audio inputs. The datasets used for these tasks often contain recordings with
noise, laughter, music, echo, and cross-talks. Addressing the challenges posed
by these conditions is a current focus of research, aiming to develop systems that
can perform reliably in such unpredictable environments.

By exploring these distinct sub-domains, we gain a comprehensive understand-
ing of the different approaches and challenges in speaker recognition, laying the
groundwork for further advancements and applications in this field. Ohi et al.
(2021)

1.1.2 Neural Based Models for Speaker Verification

Deep learning has revolutionized speaker recognition by enabling systems to process

speech data through two primary input patterns: directly processing raw sound waves

or utilizing pre-processed data. This section explores these methodologies, their un-

derlying principles, and their applications in modern speaker recognition architectures.

The approaches are listed below:

1. Processing Raw Sound Waves In the first approach, speaker recognition models
are designed to process raw sound waves directly. This method involves feeding
unprocessed audio data into the system, which may require normalization based
on the sound wave’s characteristics or predefined thresholds. Recent architectures

3



like SincNet, RawNet, and AM-MobileNet exemplify this approach. These mod-
els are trained using raw speech inputs, capturing intricate details of the audio
signals that might be lost during pre-processing. By handling raw sound waves,
these systems can potentially leverage the full spectrum of audio information for
more accurate speaker recognition.

2. Utilizing Pre-Processed Data Despite the advancements in raw audio process-
ing, the majority of speaker recognition systems still rely on pre-processing tech-
niques. These techniques convert the time-domain speech signals into representa-
tions that juxtapose time and frequency information. This transformation helps in
capturing the essential features of speech more effectively, facilitating the recog-
nition process. Pre-processing methods typically involve converting continuous
time-domain signals into shorter, manageable segments known as frames.

3. Segmentation of Speech Data Speech data, inherently a continuous time signal,
is generally segmented into shorter frames during training. In speaker recognition
terminology, an "utterance" refers to a segment of sound that typically contains
a single word or a brief phrase. In contrast, a "frame" is a much shorter segment
of speech, ranging from 20 to 500 milliseconds, which may contain a complete
utterance or just a portion of it. Recognizers often use these frames as input, as
they encapsulate crucial phoneme information necessary for accurate recognition.

These approaches often rely on Feature Extraction Techniques. There are various Fea-

ture Extraction techniques available for processing the Raw Audio or segments of the

speech data. An overview of these techniques are listed below:

Feature Extraction Techniques

Pre-processing speech data before feeding it into deep learning models is a common

practice to enhance the efficiency and accuracy of recognition. The three primary types

of pre-processing observed in speaker recognition systems are:

1. Spectrogram:This method involves converting the time-domain signal into a vi-
sual representation that shows how the signal’s frequency content varies over
time. Spectrograms are widely used because they provide a comprehensive view
of the speech signal’s frequency components.

2. Mel-Filterbank: The mel-filterbank approach applies a series of filters to the
speech signal, spaced according to the mel scale, which mimics human audi-
tory perception. This method captures the essential frequency characteristics of
speech, facilitating more effective feature extraction.

3. Mel-Frequency Cepstral Coefficients (MFCC): MFCCs are a popular choice
for speech and speaker recognition tasks. This technique involves taking the
Fourier transform of the signal, applying a mel-scale filterbank, and then com-
puting the logarithm of the energy at each filter output. The final step involves
performing a discrete cosine transform to decorrelate the coefficients, resulting
in a compact representation of the speech signal’s spectral properties. Kaddoura
and Vadlamudi (2016)
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During both the enrollment and testing phases, equal-length speech frames are fed

into the recognizer. This consistency ensures that the system can effectively compare

and analyze the speech patterns. Pre-processing plays a crucial role in this process,

transforming raw audio data into formats that deep learning models can efficiently pro-

cess.Speaker verification systems generally follow two main architectures as shown in

Figure 1.2: stage-wise and end-to-end.

Figure 1.2: Speaker Verification Architectures.
Zhu (2022)

Stage-wise Systems: A typical stage-wise system comprises a front-end module for

speaker representation learning and a back-end module for comparing speaker repre-

sentations. These modules are trained separately. The workflow of such systems in-

cludes:

Figure 1.3: Workflow of Speaker Verification Systems.
Zhu (2022)
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1. Pre-processing: This involves voice activity detection to eliminate non-speech
segments and speech parameterization, converting speech signals into feature
vectors using signal processing techniques. Common features include filterbanks
and Mel-frequency Cepstral Coefficients (MFCC).

2. Speaker Modeling: Feature vectors are used to generate speaker representations
or "embeddings." Traditional statistical methods like Gaussian Mixture Models
(GMM) have been widely used, but recent advancements in deep learning have
introduced models such as Time-Delay Neural Networks (TDNN), Long Short-
Term Memory networks (LSTM), and Residual Networks (ResNet).

3. System Workflow: The workflow is illustrated in Figure 1.3. In the training
stage, speaker embeddings are learned via a classification task. Post-training,
classification layers are removed, and the embeddings are used to train an embed-
ding matching model. During enrollment and evaluation, the speaker embeddings
undergo the embedding matching process to compute similarity scores, which are
then used to make verification decisions.

End-to-end Systems: End-to-end systems integrate the speaker modeling and em-

bedding matching modules, optimizing them simultaneously during the training stage.

These systems take speech utterances as input and directly produce similarity scores for

the utterance pairs, as shown in Figure 1.3. Ohi et al. (2021)

1.1.3 Current Challenges in SV Systems

Despite the numerous advantages of Speaker Verification (SV) systems, they face sev-

eral significant challenges that hinder their effectiveness and scalability.

1. Vulnerability to Spoofing Attacks: One of the primary challenges is the suscep-
tibility to spoofing attacks, where an imposter attempts to mimic the voice of a
legitimate user to gain unauthorized access. Attackers can use various techniques
such as voice synthesis or replay attacks to deceive the system.

2. Variability Due to Environmental Conditions: SV systems often encounter
variability in voice recordings due to differing environmental conditions. Factors
such as background noise, recording equipment, and the physical condition of the
speaker (e.g., illness, stress) can affect the accuracy of voice verification.

3. Requirement for Large, Labeled Datasets: Developing robust SV models re-
quires large datasets with accurately labeled voice samples. Collecting and an-
notating such datasets is resource-intensive and time-consuming. Additionally,
the diversity in accents, languages, and speaking styles further complicates the
dataset requirements.

4. Computationally Expensive Retraining: Traditional SV models require retrain-
ing from scratch whenever new speakers are added to the system. This process

6



is computationally expensive and impractical for large-scale applications where
the speaker pool is dynamic and continuously expanding. The need for frequent
retraining can lead to significant downtime and resource consumption, limiting
the system’s scalability. Mittal and Dua (2022)

In summary, speaker verification systems are crucial for secure and reliable voice-based

authentication. The development of deep learning techniques has significantly enhanced

the effectiveness of these systems, enabling more accurate and robust speaker verifi-

cation in various applications.This chapter sets the foundation for understanding the

mechanisms and architectures of speaker verification systems, which will be further

explored in the subsequent chapters and sections of this thesis.

1.2 Problem Statement and Objectives

Our problem statement is majorly defined in aura of below 3 main Issues which Speaker

Verification system faces. A detailed explanation of the issues are as follows

1.2.1 Issues with Catastrophic Forgetting in SV Systems

The current SV Systems are build for stationery data. They do not deal with real time

new data. Catastrophic forgetting is a major issue in SV systems. It occurs when a

model, after being updated with new data, loses information about previously learned

speakers. This is particularly problematic in dynamic environments where new speakers

are frequently introduced. The model’s inability to retain previously acquired knowl-

edge while learning new information leads to a decline in overall performance. Ad-

dressing catastrophic forgetting is crucial for the development of SV systems that can

operate effectively in real-world, ever-changing scenarios.

1.2.2 Need for Continual Learning to Handle Dynamic and Ex-

panding Datasets

To manage dynamic and expanding datasets, there is a pressing need for continual learn-

ing techniques in SV systems. Continual learning allows the model to adapt to new

7



speakers incrementally, without the necessity of complete retraining. This capability

is essential for maintaining the system’s efficiency and scalability. By incorporating

continual learning, SV systems can seamlessly integrate new data, preserve past knowl-

edge, and ensure robust performance across diverse and evolving datasets.

1.2.3 Focus on Class Incremental Strategy and Distributional Shifts

This thesis will focus on employing a class incremental strategy to address the chal-

lenges posed by continually expanding datasets. Class incremental learning involves

introducing new classes (speakers) incrementally while retaining the knowledge of pre-

viously learned classes. This approach is particularly relevant for SV systems, where

new speakers are continually added.In addition to class incremental learning, the re-

search will address the issue of distributional shifts, which occur when the statistical

properties of the training data change over time. Distributional shifts can degrade the

performance of SV systems if not properly managed. The study will explore techniques

to handle such shifts, ensuring that the SV models remain robust and effective despite

changes in the data distribution.

By focusing on these areas, the thesis aims to develop advanced SV systems capable of

continual learning, efficient integration of new speakers, and robust performance in the

face of dynamic and shifting datasets.Hence, Thesis statement -

“This thesis delves into the realm of continual learning for large-scale speaker veri-

fication systems, aiming to optimize strategies that effectively address the challenges

posed by evolving speaker datasets, mitigate the risk of catastrophic forgetting, and

foster adaptability for sustained performance excellence in dynamic environments.”

1.3 Thesis structure and Outline

This thesis is organized into several chapters, each addressing different aspects of the re-

search on continual learning for large-scale speaker verification systems. The structure

is designed to provide a comprehensive understanding of the challenges, methodolo-

gies, experimental results, and implications of this study. Below is an outline of the

thesis:

8



Chapter 1: Introduction

1. Background: An overview of speaker verification (SV) systems, their impor-
tance, and applications. This section also introduces the concepts of continual
learning and the problem of catastrophic forgetting in SV systems.

2. Problem Statement and Objectives: A detailed discussion of the key issues
faced by current SV systems, such as catastrophic forgetting and the need for
continual learning to handle dynamic and expanding datasets. The thesis state-
ment is presented: “This thesis delves into the realm of continual learning for
large-scale speaker verification systems, aiming to optimize strategies that ef-
fectively address the challenges posed by evolving speaker datasets, mitigate
the risk of catastrophic forgetting, and foster adaptability for sustained perfor-
mance excellence in dynamic environments.”

3. Thesis Structure and Outline: An overview of the organization of the thesis,
detailing the contents of each chapter.

Chapter 2: Literature Review

1. Speaker Verification Systems: A review of traditional and existing methods for
SV, including statistical models and deep neural network methods.

2. Continual Learning: An exploration of the continual learning paradigm, includ-
ing related learning paradigms, formal definitions, scenarios, and various strate-
gies.

3. Application in Speaker Verification: Discussion on how continual learning can
be applied to SV, its advantages, challenges, and case studies.

Chapter 3: Proposed Work

1. Problem Statement: Reiteration of the main problem addressed in the thesis in
a depthwise detailed manner addressing the key problem.

2. Datasets: Description of the datasets used (e.g., VoxCeleb2) and the baseline
performance of existing models.

3. Methodology: Detailed explanation of the proposed class-incremental strategy,
data splits, and continual learning strategies such as Elastic Weight Consolidation
(EWC) and Replay methods.

4. Experimental Setup: Overview of the ECAPA-TDNN model and its enhance-
ments. Presentation of the baseline results obtained from the ECAPA-TDNN
model on various test sets. Explanation of the metrics used for evaluation, in-
cluding Equal Error Rate (EER) and minimum Detection Cost Function (min
DCF).

5. Results and Discussion: Detailed analysis of the experimental results, compari-
son of different continual learning strategies, and discussion of their implications.

9



Chapter 4: Conclusion

1. Conclusion: Discusses the advantages and disadvantages of the implemented
methods and their impact on speaker verification systems.

2. Summary: Summarizes the key findings of the research, highlighting the effec-
tiveness of the proposed continual learning strategies.

3. Future Scope: Outlines potential areas for future research, including advanced
continual learning techniques, real-time continual learning, handling imbalanced
and noisy data, cross-domain adaptation, integration with other modalities, and
scalable deployment.

This structured approach ensures a thorough exploration of the continual learning paradigm

for large-scale speaker verification systems, providing valuable insights and setting the

stage for future advancements in the field.
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CHAPTER 2

Literature Review

2.1 Speaker Verification System

Speaker verification (SV) is the process of confirming an individual’s identity based on

their voice characteristics. This technology is pivotal in applications ranging from secu-

rity systems and forensic analysis to user authentication in various devices and services.

Over the years, SV systems have witnessed significant transformations, evolving from

traditional statistical models to sophisticated deep learning frameworks. This review

traces the journey of SV systems, highlighting the key developments and technological

advancements that have shaped the field.

In the early days of speaker verification, systems primarily relied on statistical mod-

els such as Gaussian Mixture Models (GMMs) and Hidden Markov Models (HMMs).

These models were foundational in the development of SV systems and were widely

adopted due to their ability to capture the statistical properties of speech signals.GMMs

were extensively used for text-independent speaker verification. They modeled the

probability distribution of speech features, allowing the system to distinguish between

different speakers based on their unique vocal characteristics. The effectiveness of

GMMs in handling variability within a speaker’s voice made them a popular choice

(Reynolds & Rose, 1995)Reynolds and Rose (1995).HMMs were particularly useful

for text-dependent speaker verification, where the temporal sequence of speech was im-

portant. HMMs could model the transitions between different states in a speech signal,

providing a robust framework for capturing the dynamic aspects of speech (Rabiner

& Juang, 1993)Rabiner and Juang (1993). A typical traditional approach to solve the

Speaker Verification problem is shown in Figure 2.1 where SVM model is used to bi-

nary classify the target.

Despite their widespread use, traditional SV methods faced several limitations:

1. Scalability As the size of datasets grew, GMMs and HMMs struggled to scale ef-
fectively. The computational complexity of these models made them less suitable
for handling large-scale data.



Figure 2.1: Traditional SV systems.
Fazel and Chakrabartty (2011)

2. Complex Patterns Traditional models had difficulty capturing complex patterns
in speech signals, leading to suboptimal performance in diverse real-world sce-
narios.

3. Spoofing Attacks Traditional SV systems were vulnerable to spoofing attacks,
where malicious actors could deceive the system using replayed or synthesized
voices. This highlighted the need for more robust and secure verification mecha-
nisms.

The limitations of traditional methods paved the way for the adoption of deep learning

in speaker verification. Deep Neural Networks (DNNs) introduced a paradigm shift,

offering a more robust and scalable framework for SV systems.The initial integration

of deep learning into SV systems focused on improving feature extraction and classifi-

cation. DNNs demonstrated superior performance in capturing intricate features from

raw audio data, significantly enhancing the accuracy and robustness of SV systems.

Deep Speaker Embeddings: Techniques such as d-vectors and x-vectors emerged

as powerful tools for speaker verification. These embeddings, generated using neu-

ral networks, captured speaker-specific characteristics more effectively than traditional

methods. For example, x-vectors used time-delay neural networks (TDNNs) to extract

fixed-dimensional embeddings from variable-length utterances, providing a robust rep-

resentation of the speaker’s voice (Snyder et al., 2018)Snyder et al. (2018).

End-to-End Models: The development of end-to-end deep learning models stream-

lined the SV process by eliminating the need for separate feature extraction and clas-

sification stages. These models learned directly from the input data, optimizing the

entire pipeline with a single loss function. This approach improved accuracy and re-
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duced complexity by simultaneously learning feature extraction and classification tasks

(Variani et al., 2014)Variani et al. (2014). As deep learning techniques continued to

evolve, more advanced neural network architectures were developed to further enhance

SV systems. A brief overview of the approaches existing can be seen in the Figure 2.2

where Stage wise and End to End existing solutions are categorised which are discussed

in 1.

Figure 2.2: Deep NN SV systems.
Bai and Zhang (2021)

1. Residual Networks (ResNets): ResNets addressed the vanishing gradient prob-
lem, which often hindered the training of deep networks. By learning residual
functions with reference to the layer inputs, ResNets enabled the construction
of very deep networks that maintained high performance. This innovation proved
beneficial in extracting robust features for speaker verification (He et al., 2016)He
et al. (2016).

2. Generative Models: Generative models, including Generative Adversarial Net-
works (GANs), played a crucial role in improving the robustness and general-
ization of SV systems. GANs were used to generate synthetic data, augmenting
training datasets and enhancing the model’s ability to generalize to unseen con-
ditions. This was particularly useful in scenarios where labeled data was scarce
(Chou et al., 2019)Chou et al. (2019).

3. Meta-Learning Strategies: Meta-learning strategies such as prototypical net-
works and Siamese networks focused on learning from minimal data. These
models were effective in few-shot learning tasks, where obtaining large labeled
datasets was challenging. Prototypical networks, for instance, classified samples
based on their proximity to prototype representations of each class, making them
suitable for speaker verification tasks (Snell et al., 2017)Snell et al. (2017).

Several specific deep learning architectures have been developed to address the unique

challenges of speaker verification.

1. SincNet: SincNet processes raw audio waveforms using parameterized sinc func-
tions for convolution. This model directly learns the filter banks during training,
capturing relevant speaker features more effectively than traditional methods (Ra-
vanelli & Bengio, 2018)Ravanelli and Bengio (2018).

13



2. RawNet: RawNet operates directly on raw audio waveforms, using a series of
convolutional layers and residual blocks. By processing the waveform without
intermediate feature extraction steps, RawNet retains all information present in
the raw audio, proving effective in text-independent speaker verification tasks
(Jung et al., 2019)Jung et al. (2019).

3. AM-MobileNet: AM-MobileNet, an adaptation of MobileNet, incorporates at-
tention mechanisms to focus on the most relevant parts of the input signal. De-
signed for deployment on mobile and edge devices, AM-MobileNet offers an
efficient yet effective solution for speaker verification (Heo et al., 2020)Heo et al.
(2020).

Despite the advancements brought by deep learning, several challenges remain in the

field of speaker verification.

1. Data Scarcity and Quality: The scarcity of labeled training data, especially in
diverse real-world conditions, remains a significant challenge. Techniques such
as GANs for data augmentation show promise in addressing this issue by gener-
ating synthetic data to supplement training datasets (Chou et al., 2019)Chou et al.
(2019).

2. Robustness to Variability: SV systems must handle various types of variability,
including different recording environments, background noise, and changes in the
speaker’s emotional state. Domain adaptation techniques and denoising autoen-
coders are being explored to improve robustness under these conditions (Sun et
al., 2017)Sun et al. (2017).

3. Real-Time Processing: The need for real-time processing in applications like
mobile devices and security systems imposes constraints on model complexity
and computational requirements. Efficient models such as AM-MobileNet ad-
dress these constraints, providing accurate yet computationally efficient solutions
(Heo et al., 2020)Heo et al. (2020).

4. Adversarial Attacks: SV systems are vulnerable to adversarial attacks, where
maliciously crafted inputs can deceive the system. Ongoing research aims to
develop techniques to detect and mitigate such attacks, enhancing the security
and reliability of SV systems (Kreuk et al., 2018)Kreuk et al. (2018).

The evolution of speaker verification systems from traditional statistical models to ad-

vanced deep learning frameworks has significantly enhanced their performance, ro-

bustness, and scalability. While traditional methods laid the foundation, deep learning

has revolutionized the field, offering sophisticated solutions to longstanding challenges.

However, ongoing research is essential to address emerging issues such as data scarcity,

robustness to variability, real-time processing, and adversarial attacks. As the technol-

ogy continues to evolve, speaker verification systems are poised to become even more

reliable and widely applicable in diverse real-world scenarios.
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2.1.1 Stability v/s Plasticity Dilemma and Catastrophic Forgetting

The stability-plasticity dilemma is a fundamental challenge in the field of Neural Net-

works, especially relevant to neural networks and AI systems. It revolves around find-

ing the right balance between retaining previously learned information (stability) and

incorporating new information (plasticity). This section delves into the intricacies of

this dilemma and the associated problem of catastrophic forgetting.

Figure 2.3: Stability v/s Plasticity Dilemma
Li et al. (2022)

Stability: Stability in neural networks refers to the ability to retain knowledge over time

without being easily disrupted by new data. This is crucial for applications where long-

term retention of learned information is necessary. For instance, in a speaker verification

system, it is important to remember the characteristics of previously enrolled speakers

even as new speakers are added to the system. Without sufficient stability, the system

might forget old speakers, leading to verification errors.Pelosin (2023)

Plasticity: Plasticity, on the other hand, is the capacity of a neural network to adapt

and learn from new experiences. This is essential for continual learning, where the

system is exposed to new data and must update its knowledge base accordingly. High

plasticity allows the system to integrate new information quickly and efficiently. In

speaker verification, this would mean the system can effectively learn and verify new

speakers as they are added. Pelosin (2023)

As shown in Figure 2.3, the Neural Network is trained over a class "Cat". When a new

class "Dog" is introduced, the network retaining the Stability and structurability keeps
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the previously learned weights and hence on maintaining the roubstness, didn’t learn

new properties of the new class and incorrectly identifies the "Dog" as "Cat". On the

other hand, the network allowing the plasticity and flexibility learns all the information

of the new class and forgets the previously learned properties, now incorrectly identi-

fying the old class "Cat" as "Dog". Thus, there is always a trade off between the two

"Stability v/s Plasticty" and a balance between two must be established to retain all the

properties of previous as well as upcoming new classes. This issue of forgetting the

previous information is known as Catastrophic Forgetting.

Catastrophic Forgetting: Catastrophic forgetting is a significant issue in continual

learning where a neural network abruptly loses previously acquired knowledge upon

learning new information. This happens because the network weights are updated to

accommodate the new data, often at the expense of the old data. In speaker verifica-

tion, this would manifest as the system losing its ability to correctly verify previously

enrolled speakers after being trained on new speakers.

2.2 Continual Learning

Continual learning (CL) stands out for its unique features like explicit knowledge reten-

tion and the ability to accumulate and utilize past knowledge for future learning. How-

ever, these characteristics are not exclusive to CL. Several machine learning paradigms

share related traits and objectives to varying extents. This section explores the most

closely related paradigms—transfer learning, multi-task learning, online learning, rein-

forcement learning, meta-learning, curriculum learning, and sequential learning—and

distinguishes them from continual learning.

2.2.1 Related Learning Paradigms

Transfer Learning

Transfer learning is a prominent area in machine learning and deep learning, often re-

ferred to as domain adaptation in fields like computer vision and natural language pro-

cessing. It typically involves two domains: a source domain with ample labeled training
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Figure 2.4: Types of Learning Paradigms
De Lange et al. (2022)

data and a target domain with little or no labeled data. The goal is to leverage the labeled

data from the source domain to enhance learning in the target domain Long et al. (2017)

Pan (2020) Taylor and Stone (2009).The primary difference between transfer learning

and continual learning is that transfer learning does not focus on continuous learning or

knowledge accumulation. As we can see in Figure 2.4 the transfer of knowledge occurs

in a single step, and the ability to solve the task in the source domain is generally not

retained. Continual learning, on the other hand, emphasizes the retention and accumu-

lation of knowledge, enabling systems to become progressively more knowledgeable

and facilitating easier learning of new tasks. Furthermore, transfer learning is typically

unidirectional, transferring knowledge from the source to the target domain, whereas

continual learning allows bidirectional knowledge transfer, where learning from new

domains can enhance previous domains.

Multi-Task Learning

Multi-task learning involves learning multiple related tasks simultaneously to improve

performance by sharing relevant information across tasks Caruana (1997). The idea is

to introduce an inductive bias into the joint hypothesis space of all tasks, which helps

prevent overfitting and enhances generalization. While multi-task learning shares the

goal of utilizing shared information across tasks with continual learning, it operates

within the traditional learning paradigm. Multi-task learning optimizes several tasks

at once, effectively treating them as one larger task. This simultaneous optimization
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requires retaining all encountered training data, which is impractical for long-term scal-

ability. In contrast, continual learning focuses on learning tasks sequentially, retaining

and building on past knowledge to support future learning.

Meta-Learning

Meta-learning, or "learning to learn," uses metadata about past experiences to enhance

learning on new tasksAndrychowicz et al. (2016). As shown in Figure 2.4 while it

shares the continual learning objective of ongoing learning, most meta-learning research

focuses on accelerating learning on fixed datasets or specific target domains without re-

visiting the source domain. Meta-learning typically involves a dual-system approach:

one system for actual learning and another to guide the learning process. Continual

learning, however, emphasizes the continuous accumulation and application of knowl-

edge across a sequence of tasks, without the strict dual-system structure.

Online Learning

Online learning processes training data one example at a time, updating the model in-

crementally with each new data point. This approach is used when it is computationally

infeasible to train over the entire dataset or when mini-batch learning is impractical

due to hardware constraints or data availability. Online learning is efficient in terms

of memory and runtime, which is crucial in real-world scenarios Kivinen et al. (2004)

Mairal et al. (2010).Although online learning involves streaming data, its objective is

different from that of continual learning. Online learning aims to optimize performance

on a single, ongoing task, whereas continual learning focuses on learning from a se-

quence of different tasks, retaining knowledge, and using it to improve future learning.

Dredze et al. (2008)

Reinforcement Learning

Reinforcement learning (RL) involves an agent learning through trial and error inter-

actions with a dynamic environment. The agent receives inputs about the current state

and potential rewards, selects actions, and learns optimal policies that maximize future

rewards Sutton (1999) Van Otterlo and Wiering (2012). Although RL seems inherently
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continual, most RL research focuses on a single task within a stationary environment.

Transfer and multi-task learning can be applied to RL to speed up learning and improve

policy optimization, but RL generally does not emphasize knowledge retention and ac-

cumulation for future tasks as continual learning doesBarrett et al. (2010) Taylor and

Stone (2009).

Curriculum Learning

Curriculum learning involves presenting tasks or data to a learning algorithm in a se-

quence that facilitates learning of increasingly complex tasks. Both curriculum learning

and continual learning handle sequences of tasks, but curriculum learning arranges tasks

to progressively ease learning of the final task. In contrast, continual learning aims to

retain the ability to solve all encountered tasks, not just the final oneBengio et al. (2009).

Sequential Learning

Sequential learning, often referred to as time-series forecasting or predictive learning,

deals with ordered observations that must be preserved during model training and pre-

diction. Unlike other supervised learning problems, sequential learning emphasizes the

temporal order of data, making it distinct from other learning paradigmsSutskever et al.

(2014).

Continual Learning in AI

The concept of continual learning has emerged prominently in AI, often referred to

as Lifelong Learning or Continuous Learning. While the term "Lifelong Learning"

has been used for years, it is now increasingly associated with deep learning algo-

rithmsParisi and Lomonaco (2020) Liu (2020). "Continual Learning" conveys the idea

of frequent intervals of learning, unlike "Continuous Learning," which implies uninter-

rupted learning and might be confusing in some contexts, especially in reinforcement

learning.

Terminological Clarifications

"Online learning" contrasts with "Batch Learning" by processing data sequentially rather
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than all at onceCui et al. (2016). "Incremental Learning," though focused on building

knowledge incrementally, does not necessarily imply the adaptability inherent in con-

tinual learning, where previously learned knowledge might need to be adjusted or even

forgotten to accommodate new information.

In summary, while several machine learning paradigms share characteristics with con-

tinual learning, they differ in their objectives and operational methods. Continual learn-

ing uniquely emphasizes the ongoing accumulation and retention of knowledge, en-

abling systems to learn and adapt continually over time.

2.2.2 Continual Learning Framework

The concept of continual learning (CL) is pivotal for developing truly intelligent AI

systems. Bing Liu emphasized that without lifelong learning capabilities, AI systems

cannot achieve true intelligence. Continual learning involves a computer program that

improves its performance in approximating a target function h∗ through sequential ex-

periences Ei, each being transient and partial.

Formal Definition

CL tackles Probably Approximately Correct (PAC) learnable problems by approximat-

ing a target hypothesis h∗ from a sequence of non-i.i.d. training batches. The frame-

work builds on previous models, assuming learning occurs from a potentially infinite

sequence of distributions D = {D1, ..., Dn} where Di represents Data at current task T.

Definition

Given X and Y as input and output random variables, consider D a potentially infinite

sequence of unknown distributions D = {D1, ..., Dn} over X × Y , encountered over

time. A continual learning algorithm ACL has the following signature:

∀Di ∈ D,Ai
CL :< hi−1, Bi,Mi−1, ti >→< hi,Mi >
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, where Mi is an external memory storing previous training examples or partial compu-

tations not directly related to the model’s parameters,ti is a task label, void if not pro-

vided. It can disentangle tasks and specialize hypothesis parameters. Bi is the training

batch of examples, assumed to be drawn i.i.d. from Di but not necessarily. Examples

can also be drawn non-i.i.d. Each Di can be considered a stationary distribution. Each

Bi consists of examples eij with j ∈ [1, ..., |Bi|]. Each example eij =< xij, fij >,

where fi is the feedback signal used to infer the optimal hypothesis h∗(x, t).

The objective of a CL algorithm is to minimize the loss LS over the entire stream of

data S:

LS(f
CL
n , n) =

1∑n
i=1 |Di

test|

n∑
i=1

Lexp(f
CL
n ,Di

test) (2.1)

Lexp(f
CL,Di

test) =

|Di
test|∑

j=1

L(fCL
n (xi

j), y
i
j) (2.2)

, where the loss L(fCL
n (x), y) is computed on a single sample ⟨x, y⟩, such as cross-

entropy in classification problems. Here, the respective variables have meaning as:

LS: The overall loss over the entire stream of data S.

S: The entire stream of data.

fCL
n : The continual learning model at step n.

n: The number of steps or tasks in the continual learning process.

Lexp(fCLn,Ditest): The loss experienced on the test dataset Ditest for the i-th task.

Di
test: The test dataset for the i-th task.

|Ditest|: The number of samples in the test dataset Ditest.

L(fCL
n (xi

j), y
i
j): The loss for a single sample j from the i-th test dataset, computed us-

ing the model fCL
n .

xi
j: The j-th input sample from the i-th test dataset. yij: The corresponding label for the

j-th input sample from the i-th test dataset.

In this context, the loss L(fCL
n (x), y) is typically the cross-entropy loss used in classi-

fication problems. The overall objective is to minimize the cumulative loss across all

tasks in the continual learning processLomonaco (2019).

Task Notation A task T is defined by a unique task label t̂ and its target function
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g∗
t̂
(x) ≡ h∗(x, t = t̂), the objective of its learning. If t is not given as input to the

CL algorithm ACL, with all ti = ∅, it is like having a single incremental task T where

g∗t ≡ h∗. Disentangling the notion of task from the training batch is crucial in CL

since data are not available all at once. They may be related to the same learning

objective g∗t defined by the external supervised signal t. Hence, even if Di represents a

different distribution from Dj for i ̸= j, this does not necessarily define a different task.

Lomonaco (2019)

Constraints, Relaxations, and Desiderata

Constraints

1. External Memory: The external memory M should be significantly smaller than
the total number of training examples encountered.

2. Memory and Computation: Memory usage and computational complexity per
iteration are bounded by reasonably small values.

Relaxations

1. Memory Relaxation: Removes fixed memory bounds.

2. Computation Relaxation: Removes fixed computational bounds.

Desiderata

1. Storage-Free Continual Learning: Avoids using external memory.

2. Online Continual Learning: Processes data in real-time of batch size |Bi| = 1.

Scenarios

Three common CL scenarios are defined based on task-awareness and task-agnosticism:

1. Multi-Task (MT): Each task has a distinct task label.

2. Single-Incremental-Task (SIT): A single, incremental task without distinct task
labels.

3. Multiple-Incremental-Task (MIT): Tasks with overlapping distributions, re-
quiring task-specific behaviors and generalization.

Update Content Types
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1. New Instances (NI): New examples of previously encountered classes.

2. New Classes (NC): Examples from new, previously unseen classes.

3. New Instances and Classes (NIC): A mix of new examples from old and new
classes.

This formal framework for CL, with its constraints, relaxations, and scenarios, aims to

provide a structured foundation for developing and assessing continual learning algo-

rithms. This approach enhances the potential for creating more adaptable and intelligent

AI systemsLomonaco (2019).

2.2.3 CL Techniques and Strategies

Given the complexity of various real-world applications, continual learning manifests

in diverse scenarios across different settings. In this thesis, we categorize continual

learning scenarios in speech and audio tasks into three primary types: data-incremental,

class-incremental, and task-incremental learning.

Figure 2.5: Scnarios in Continual Learning
Ha et al. (2023)

Data-incremental learning

It involves a setting where there are no explicit task boundaries, and the model continu-

ally learns from an incremental data streamVan de Ven et al. (2022). Sequence model-

ing tasks, such as automatic speech recognition, are examples of this setting. Here, the

model continuously trains on data streams to solve the same or similar problems within

a shared vocabulary label space. Because the model lacks explicit task boundaries, it

23



must either process data online or infer task identifiers implicitly from the current data

stream’s statistics.

Class-incremental learning

It refers to scenarios where new, unseen classes appear continuously over time Liu et al.

(2023) as we can see in Figure 2.5. Utterance classification tasks like acoustic scene

classification and intent classification exemplify this scenario. Each task may have a

unique label space, a subset of the entire label space Y . The objective is to develop a

comprehensive classifier that can manage all encountered classes from past data.

Task-incremental learning

It is more general, covering scenarios where the model incrementally acquires new

capabilities ass shown in Figure 2.5 by expanding to handle more tasks using knowledge

transfer from previous tasks Hossain et al. (2022). This can apply to tasks such as intent

classification and slot filling. Regression tasks like speech enhancement also fit this

category, where the model adapts to changes in data distribution, such as different noise

types, enhancing overall robustness.

Continual Learning Methods

To address the various continual learning scenarios in real applications, several types of

methods have been proposed. These methods can be grouped into three categories based

on the module they operate on within the general ML pipeline: rehearsal, architecture,

and regularization-based methods, as depicted in Figure 2.6.

1. Rehearsal methods: It retain examples from past data in a memory buffer and
replay them when learning new tasks to mitigate catastrophic forgetting Yang
(2023). Some methods store raw samples or their representations, while others
use generative models to produce pseudo data. These methods typically perform
well but require memory storage M . For each task t, samples from previous task
Mt−1 and the current data stream Dt are combined to form the training data. This
helps reduce the forgetting effect by recalling past samples during training.

2. Architecture-based methods: It expand model parameters by isolating parame-
ters for different tasks Yang (2023). The aim is to minimize interference between
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Figure 2.6: Strategies in Continual Learning
Lomonaco (2019)

different model modules. Each task t has task-specific and task-sharing param-
eters. Task-sharing parameters are updated across all tasks, while task-specific
parameters are updated only for the current task and frozen otherwise. These
methods usually require a task oracle to activate corresponding task branches
during inference.

3. Regularization methods: Regularization methods add a regularization term when
encountering new tasks to adjust parameter importance, thereby improving con-
tinual learning at the loss level Yang (2023). The goal is to consolidate the learned
knowledge in the model, preventing forgetting. The importance of model param-
eters is estimated to ensure feasibility. The loss function is updated as follows:

ℓ(θt)← ℓ(θt) +
λ

2
(θt − θt−1)

⊤Wt−1(θt − θt−1) (2.3)

where λ is the regularization coefficient controlling the weight of regularization.
Definitions of Variables with Proper Notations can be understood below: ℓ(θt):
The loss function at time step t, θt: The model parameters at time step t, θt−1:
The model parameters at the previous time step (t − 1), λ: The regularization
coefficient that controls the weight of the regularization term, Wt−1: A matrix
representing the importance of model parameters estimated from the previous
task at time step (t − 1) and (θt − θt−1)

⊤: The transpose of the difference be-
tween the model parameters at time steps t and (t − 1). The regularization term

25



λ
2
(θt − θt−1)

⊤Wt−1(θt − θt−1) is added to the original loss function ℓ(θt) to help
consolidate the learned knowledge and prevent forgetting by adjusting the impor-
tance of parameters when encountering new tasks.

2.3 Application of Continual Learning in Speaker Veri-

fication

Case Study: Consider a corporate environment where an SV system is deployed to

secure access to sensitive areas. New employees are frequently added, and existing

employees may change their speech patterns due to various factors. A CL-based SV

system can adapt to these changes by continuously updating speaker models. When

a new employee is added, the system incrementally learns their voice characteristics,

ensuring accurate verification without affecting the performance for existing employees.

Similarly, as employees’ voices change, the system adapts to maintain high verification

accuracy.

2.3.1 Advantages, Challenges and Implementation

Continual learning (CL) has the potential to significantly enhance speaker verification

(SV) systems by enabling them to adapt to new speakers and changing environments

over time. This section explores the application of CL in SV, highlighting its benefits,

challenges, and implementation strategies.

Adaptive Learning: CL allows SV systems to continuously update and refine speaker

models as new speech data becomes available. This capability is especially useful in

real-world applications where new users are frequently added, or existing users provide

additional speech samples over time. By leveraging CL, SV systems can maintain high

verification accuracy in dynamic settings without requiring complete retraining.

Personalization: CL enables SV systems to personalize models for individual users.

As users interact with the system and provide more data, CL algorithms incrementally

update speaker models to better reflect each user’s unique voice characteristics. This

personalization enhances system accuracy and user experience, making it more respon-

sive and reliable.
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Robustness to Variability: Speech signals can vary due to aging, health changes, emo-

tional states, and different recording conditions. CL helps SV systems adapt to these

variations, ensuring consistent performance. For instance, as a user’s voice changes due

to aging, CL algorithms update the speaker model incrementally to maintain verification

accuracy.

Implementation Strategies:

1. Semi-Supervised Learning: CL can use semi-supervised learning strategies, up-
dating models with both labeled and unlabeled data. This reduces the need for
extensive labeled datasets and allows the system to learn from real-world usage
scenarios.

2. Incremental Model Updates: Incremental updates involve periodically updating
speaker models with new data while retaining knowledge of previously seen data.
Techniques like fine-tuning adjust model parameters using new speech samples
without forgetting old ones.

3. Dynamic Memory Networks: These networks manage and update speaker mod-
els efficiently using a memory component to store and retrieve speaker-specific
information dynamically, allowing the system to adapt to new data while preserv-
ing past knowledge.

4. Multi-Task Learning: Multi-task learning frameworks can be adapted for CL in
SV, where the system simultaneously learns multiple tasks such as speaker verifi-
cation, identification, and diarization. Sharing knowledge across tasks improves
generalization and robustness to new data.

5. Reinforcement Learning: Reinforcement learning can be applied to CL in SV,
with the system learning to update speaker models based on feedback from ver-
ification performance. The RL agent maximizes verification accuracy by incre-
mentally adjusting model parameters as new data is encountered.

Despite the benefits, CL in SV faces challenges such as efficient memory management,

handling noisy and imbalanced data, and ensuring real-time updates without compro-

mising performance. Future research can explore advanced CL techniques, like meta-

learning and generative replay, to address these challenges and enhance the applicability

of CL in SV. The application of continual learning in speaker verification has the po-

tential to create more adaptive, personalized, and robust systems. By leveraging CL

techniques, SV systems can maintain high accuracy and reliability in dynamic and real-

world environments, addressing the evolving needs of users and applications Yang et al.

(2022) Fu et al. (2021).
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CHAPTER 3

Proposed Work

3.1 Problem Statement

Speaker Verification thus need a robust solution which can incorporate the upcoming

new stream of data with retaining the Plasticity in the network. We again state our Prob-

lem Statement to provide deeper insights into the problem as:

“This thesis delves into the realm of continual learning for large-scale speaker verifica-

tion systems, aiming to optimize strategies that effectively address the challenges posed

by evolving speaker datasets, mitigate the risk of catastrophic forgetting, and foster

adaptability for sustained performance excellence in dynamic environments.”

To implement this we surveyed over a lot of datasets available for Speaker Verification.

Many datasets are telephony and clean speech datasets which contain only single lan-

guage or single speaker. We focused on working on such a dataset which is very well

diverse and has real world challenges. A list of existing datasets can be seen in Table

3.1.

Table 3.1: Available Datasets for Speaker Verification

Name Cond. Free No of Speakers No of Utter.
ELSDSR (Feng and Hansen, 2005) Clean Speech Yes 22 198
MIT Mobile (Woo et al., 2006) Mobile Devices No 88 7884
SWB (Godfrey et al., 1992) Telephony No 3114 33,039
POLYCOST (Hennebert et al., 2000) Telephony No 133 1285‡
ICSI Meeting Corpus (Janin et al., 2003) Meetings No 53 922
Forensic Comparison (Morrison et al., 2015) Telephony Yes 552 1264
ANDOSL (Millar et al., 1994) Clean speech No 204 33,900
TIMIT (Fisher et al., 1986)† Clean speech No 630 6300
MGB Challenge Dataset (Bell et al., 2015) Broadcast Data ** Unknown 1600 hs
SITW (McLaren et al., 2016) Multi-media Yes 299 2800
NIST SRE Greenberg (2012) Clean speech No 2000+ *
VoxCeleb1 Multi-media Yes 1251 153,516
VoxCeleb2 Multi-media Yes 6112 1,128,246

We aimed to apply Continual learning framework as a solution to solve this Large Scale

Speaker Verification problem on the Voxceleb Dataset. We narrowed down our ap-

proach to the class incremental scenario assuming the classes are increasing with time.



There are 2 types of CL scenarios which includes Online Continual learning and Offline

Continual learning.

1. Online CL: In this type of Continual learning scenario data comes in real time.
Ex - A robot picking a ball. Everytime he picks up the ball a real time data is
generated from it.

2. Offline CL: In this scenario the data is pre available to us, the only difference is
the dataset is moulded into stream of data (defined as Task in earlier section) and
is feeded to the model as real time scenario.

We selected Voxceleb2 as our dataset to implement this Class incremental strategy and

worked on Offline CL scenario to solve the problem. Voxceleb2 itself is 1 TB in size

which makes this problem a really challenging task as retraining itself over the entire

dataset takes too much time posing time and complexity issues. To handle this situation

we created a Data split strategy which will be discussed in further sections.

3.2 Datasets

In this thesis, our proposed methods are evaluated on a text-independent speaker ver-

ification (SV) task conducted under noisy and unconstrained conditions. This task is

chosen for two primary reasons: First, speaker verification in such challenging environ-

ments is not only difficult but also highly relevant for practical applications, as methods

developed can be directly applied to real-world scenarios. Second, the datasets used

for this task contain millions of utterances from thousands of speakers as we can see

in Figure 3.1, all of which are publicly available, making the research reproducible and

verifiable.

Figure 3.1: Voxceleb2 Dataset preview
Nagrani et al. (2017)
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3.2.1 Voxceleb2

The primary training dataset used in our system is VoxCeleb2. VoxCeleb2 consists

of over 1 million utterances from more than 6000 celebrities, sourced from YouTube

videos. The dataset is balanced in terms of gender and showcases a wide variety of

accents, ages, professions, and ethnicities. The audio recordings come from diverse

and challenging acoustic environments, including Celebrity interviews on red carpets,

Speeches given in outdoor stadiums and indoor studios, Excerpts from professionally

shot multimedia and Videos recorded with handheld devices.

Table 3.2: Dataset statistics for VoxCeleb 1&2

Dataset VoxCeleb1 VoxCeleb2
No of speakers 1251 6112
No of male speakers 690 3761
No of videos 22,496 150,480
No of hours 352 2442
No of utterances 153,516 1,128,246
Avg No of videos per speaker 18 25
Avg No of utterances per speaker 116 185
Avg length of utterances (s) 8.2 7.8

All speech data in VoxCeleb2 are subject to various types of noise, such as background

chatter, laughter, overlapping speech, and channel noise from different recording equip-

ment. Table 3.2 shows the general statistics of the VoxCeleb dataset. The evalua-

tion of the systems is performed using VoxCeleb1 dataset as a test set for Voxceleb2

dataset.VoxCeleb1 is collected using a similar pipeline to VoxCeleb2 but is smaller in

size. It is roughly gender-balanced with 55% male speakers, and the speech segments

are also subject to various real-world noises. For evaluation purposes, VoxCeleb1 can

be split into three subsets:

VoxCeleb1-O: The original evaluation set of VoxCeleb1.

VoxCeleb1-E: The entire VoxCeleb1 dataset, including both the development and eval-

uation sets.

VoxCeleb1-H: A challenging subset of VoxCeleb1, consisting of data pairs with the

same nationality and gender Nagrani et al. (2017).
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3.3 Methodology

3.3.1 Class-Incremental Strategy

We narrowed down our approach to the class-incremental scenario. The class-incremental

technique creates a stream of data as in Figure 3.2 where new classes are continuously

introduced over period of time. As our implementation involve Offline CL we had the

opportunity to overlook on the whole data beforehand. Provided 6000 different speak-

ers in Voxceleb2 the problem stood pretty complex giving Computational as well as

Time Complexity issues as the data streams obtained are very long. This lead us to the

study of Voxceleb2 which gave an intuition of creating Data Splits effectively as per our

use case.

Figure 3.2: Class-Incremental Scenario
Da Yu (2023)

3.3.2 Data Splits

We created Data Splits of the Overall Data Stream to map it to the Continual learning

setting and created a Base Split of 60% as in Figure 3.3 of the data including the classes

having very high variance. This helped us in including those classes which may act as

outliers. With new classes introducing such a class which is outlier can lead to total Data

Distribution shift, thus showing the model diverse data in the 1st pass of the data stream

results in better training and learning of the model. We selected 100 samples randomly

of each classes and observed classes with high variance. This high variance classes are
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Figure 3.3: Handling New Classes

included in the 60% data split in the 1st pass. The rest of the classes are introduced

with 10% split in 4 stages accounting for the rest of the 40% classes. In an Online CL

scenario when new data comes in real time, we simulated the same by introducing data

splits in each pass of the training of the model. This fabrication mitigates the cost of

entire retrainig of the model when a totally new class is introduced in the data stream.

We still faced issues of Class imbalance, Data Domain Shift, Memory Constraints &

Evaluation Difficulty over period of time and we used Continual learning methods to

handle the issues.

3.3.3 CL Methods

Figure 3.4: CL Methods
De Lange et al. (2022)

There exist many CL methods which can work effectively in our scenario. Figure

3.4 shows not exhaustive but the list of methods which can be clubbed together with

different strategies and scenarios to handle issues like either class imbalance or domain

shift, etc. We focused on two main methods that are widely used and very effective in
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class-incremental scenario. The first one helps in retaining the stability as it focuses

on penalizing weights and the other retains the plasticity as it focuses on retraining

previous examples.

Elastic Weight Consolidation (EWC):

Definition: Elastic Weight Consolidation (EWC) is a regularization technique used in

continual learning to prevent catastrophic forgetting. Catastrophic forgetting occurs

when a neural network trained sequentially on multiple tasks forgets the previously

learned tasks upon learning new onesKirkpatrick et al. (2017).

Mechanism: EWC mitigates this by adding a regularization term to the loss function,

which penalizes changes to the weights that are crucial for previously learned tasks.

Mathematical Formulation: The modified loss function for a new task B after learn-

ing task A is:

L(θ) = LB(θ) +
λ

2

∑
i

Fi(θi − θ∗A,i)
2

, where LB(θ) is the loss for the new task, θi are the model parameters, θ∗A,i are the

optimal parameters learned for task A, Fi is the Fisher Information Matrix indicating

the importance of each parameter and λ is a hyperparameter controlling the strength of

the regularization. A graphical overview of EWC is shown in Figure 3.5.

Figure 3.5: Elastic Weight Consolidation Method.
Kirkpatrick et al. (2017)
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Replay Method:

Definition: Replay methods, including Experience Replay and Generative Replay, are

techniques used in continual learning to combat forgetting by rehearsing previous ex-

periencesPellegrini et al. (2019).

Mechanism: The method involves storing a subset of the training data from previous

tasks and periodically replaying it while learning new tasks.

Experience Replay: Directly stores and replays samples from previous tasks.

Generative Replay: Uses a generative model to generate synthetic data resembling

previous experiences.

Process: When training on a new task, the model is simultaneously trained on the new

task data and the replayed old task data, thereby maintaining performance on both. A

systematic working algorithm can be seen in Figure 3.6

Figure 3.6: Replay Method.
Pellegrini et al. (2019)

Hybrid Approach:

Concept: A hybrid approach leverages the strengths of both EWC and Replay methods

to further reduce catastrophic forgetting.

Mechanism:

1. Regularization: EWC is applied to ensure that the model parameters important
for previous tasks are preserved.
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2. Rehearsal: Replay of old task data (either actual data or generated) is performed
during the training of new tasks.

This combined strategy addresses forgetting at both the parameter level (through EWC)

and the data level (through Replay), leading to more robust continual learning.

Implementation:The loss function in the hybrid approach can be formulated as:

L(θ) = LB(θ) +
λ

2

∑
i

Fi(θi − θ∗A,i)
2 + β · LR(θ)

, where LR(θ) is the loss from replaying old task data and β is a hyperparameter bal-

ancing the replay loss with the regular task loss and EWC regularization.

3.4 Experimental Setup

We performed many experiments and rested our case on below 5 major experiments:

1. Baseline 60% base + 40% in 4 stages with 10% each

2. Distribution based 60% high variance + 40% in 4 stages with 10% each

3. EWC 90% base + 10% each for each state dict of model at time t

4. Replay Replay 10% of data randomly in each new split from previous split

5. EWC+ Replay Hybrid of both EWC split and Replay

3.4.1 Model Architecture

We selected ECAPA-TDNN(Emphasized Channel Attention, Propagation, and Aggre-

gation in TDNN) as our model. It is a novel architecture designed to enhance speaker

verification systems. It builds on the Time Delay Neural Network (TDNN) framework

and incorporates several advanced techniques inspired by recent developments in face

verification and computer vision. Below is a detailed overview of the ECAPA-TDNN

model based on the paper "ECAPA-TDNN: Emphasized Channel Attention, Propaga-

tion and Aggregation in TDNN Based Speaker Verification" by Brecht Desplanques,

Jenthe Thienpondt, and Kris DemuynckDesplanques et al. (2020). An overview of the

model can be seen in Figure 3.7.
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Figure 3.7: ECAPA_TDNN Architecture.
Desplanques et al. (2020)

Key Components and Enhancements

1. 1-Dimensional Res2Net Modules

2. Squeeze-and-Excitation (SE) Blocks

3. Channel- and Context-Dependent Statistics Pooling

4. Multi-Layer Feature Aggregation and Summation

5. SE-Res2Blocks
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3.4.2 Evaluation Metrics

3.4.3 Equal Error Rate (EER):

Definition: Equal Error Rate (EER) is the point at which the false acceptance rate

(FAR) equals the false rejection rate (FRR). It is a single metric that provides a balanced

measure of a system’s accuracy.

Formula: EER is found at the point where:

FAR = FRR

The actual calculation involves plotting the Receiver Operating Characteristic (ROC)

curve and finding the point where the FAR and FRR curves intersect. Loss Function:

While EER itself is not derived from a loss function, it can be related to the cost of

errors in a decision-making process. Typically, minimizing EER involves optimizing

thresholds in the system to balance FAR and FRRCheng and Wang (2004).

3.4.4 Minimum Detection Cost Function (min DCF):

Definition: Minimum Detection Cost Function (min DCF) is a metric used to evaluate

the performance of biometric verification systems by considering both the false accep-

tance rate (FAR) and the false rejection rate (FRR), weighted by their respective costs

and prior probabilities Greenberg et al. (2014).

Formula: The DCF is calculated as:

DCF = Cmiss · Pmiss · Ptarget + Cfa · Pfa · (1− Ptarget)

where Cmiss is the cost of a false rejection (miss), Pmiss is the probability of a miss

(FRR), Ptarget is the prior probability of the target (the probability that the person is an

actual match), Cfa is the cost of a false acceptance and Pfa is the probability of a false

acceptance (FAR).

Loss Function: The DCF can be interpreted as a loss function that combines both types

of errors (false acceptances and false rejections) and their associated costs. Minimizing

the DCF involves finding the threshold that yields the lowest combined cost of these
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errors:

min DCF = min
θ

(Cmiss · Pmiss(θ) · Ptarget + Cfa · Pfa(θ) · (1− Ptarget))

where θ represents the decision threshold. Both EER and min DCF are crucial metrics

for evaluating and optimizing the performance of Speaker Verification systems, provid-

ing insights into the trade-offs between different types of errors and their costs.

3.4.5 Model Training

The ECAPA-TDNN model significantly outperforms traditional TDNN and ResNet-

based speaker verification systems by incorporating advanced architectural components

such as SE-Res2Blocks, multi-layer feature aggregation, and channel-dependent atten-

tion mechanisms. These enhancements result in more accurate speaker embeddings,

which are crucial for effective speaker verification. We explored and were not able to

found any existing benchmarks for Speaker Verification in Continual learning scenario.

Hence, we proposed different novel benchamrks with use of different CL methods. Ex-

periments were performed on GPUs provided by the Cross Caps Lab, IIITD. The con-

figuration includes Nvidia RTX 3090 having 24 GB GDDR6X memory. The GPU is

operating at a frequency of 1560 MHz, which can be boosted up to 1860 MHz, memory

is running at 1313 MHz (21 Gbps effective).

3.5 Results and Discussion

The ECAPA-TDNN model was tested on the VoxCeleb1, VoxCeleb1-E, VoxCeleb1-H,

and VoxSRC 2019 test sets. The model demonstrated significant improvements in Equal

Error Rate (EER) and minimum Detection Cost Function (MinDCF) compared to ex-

isting x-vector and ResNet-based systems. Table 3.3 shows the State of the Art Results

with 0.87 EER achieved on VoxCeleb1 with 14.7 million parameters. We considered

this as our comparative Baseline, however this baseline is of Traditional Methods where

Dataset is stationary and the whole dataset is been passed to the model in a single pass.

The results presented represent novel approaches to speaker verification (SV) within a
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Table 3.3: Baseline Results of ECAPA over VoxCeleb Dataset.

Architecture Parameters VoxCeleb1 EER (%) VoxCeleb1-E EER (%) VoxCeleb1-H EER (%) VoxSRC19 EER (%)
E-TDNN 6.8M 1.49 1.61 2.69 1.81
E-TDNN (large) 20.4M 1.26 1.37 2.35 1.61
ResNet18 13.8M 1.47 1.60 2.88 1.97
ResNet34 23.9M 1.19 1.33 2.46 1.57
ECAPA-TDNN (C=512) 6.2M 1.01 1.24 2.32 1.32
ECAPA-TDNN (C=1024) 14.7M 0.87 1.12 2.12 1.22

Table 3.4: Results of Different CL strategies.

Strategy Data Split Type EER
Baseline 60% base + 40% in 4 stages with 10% each 52.47
Distribution based 60% high variance + 40% in 4 stages with 10% each 31.04
EWC 90% base + 10% each for each state dict of model at time t 26.84
Replay Replay 10% of data randomly in each new split from previous split 23.39
EWC+ Replay Hybrid of both EWC split and Replay 22.46

continual learning (CL) framework. This is the first time SV has been systematically

evaluated under CL conditions, and these findings establish new baselines for the field.

A comparison can be done with the Traditional method approach available in Table 3.3

with the experimental results obtained as shown in Table 3.4. Below, we explain the

results and their significance:

Strategies and Results

1. Baseline:
Strategy: 60% of the data is used as the base training set, followed by four stages
where 10% of the data is introduced in each stage.
EER (Equal Error Rate): 52.47
Explanation: This high EER indicates significant performance degradation due
to catastrophic forgetting, where the model struggles to retain knowledge from
earlier stages as new data is introduced.

2. Distribution-Based Split:
Strategy: 60% of the data with high variance is used initially, followed by four
stages with 10% data in each stage.
EER (Equal Error Rate): 31.04
Explanation: Utilizing high variance data initially helps the model learn more
generalizable features, leading to better performance and a lower EER compared
to the baseline.

3. Elastic Weight Consolidation (EWC): Strategy: 90% of the data is used as the
base set, and for each subsequent stage, the state dictionary of the model at time
t is used to preserve important weights. EER (Equal Error Rate): 26.84
Explanation: EWC mitigates catastrophic forgetting by penalizing changes to
parameters crucial for previously learned tasks, significantly improving perfor-
mance over simpler strategies.

4. Replay:
Strategy:: 10% of the data from previous stages is replayed randomly during each
new split. EER (Equal Error Rate): 23.39
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Explanation: Replay methods help the model retain knowledge from previous
stages by mixing old and new data during training, further reducing the EER.

5. EWC + Replay (Hybrid Approach):
Strategy: Combines EWC’s weight regularization with the Replay strategy.
EER (Equal Error Rate): 22.46
Explanation: The hybrid approach leverages the strengths of both EWC and Re-
play, offering the best performance by ensuring important parameters are pre-
served while continually reinforcing old knowledge through data replay.

Significance of Results These results highlight the efficacy of various continual learn-

ing strategies in the context of speaker verification:

Novelty: This study marks the first systematic implementation of speaker verification

within a continual learning framework. Each approach explored—baseline, distribution-

based, EWC, Replay, and their hybrid—offers unique insights into managing catas-

trophic forgetting in SV systems.

Baseline Establishment: As pioneering results in this domain, these findings serve as

baselines for future research. They provide a point of reference for comparing new

methods and improvements in continual learning for SV.

Improved Performance: The significant reduction in EER across strategies, especially

with the hybrid EWC+Replay approach, underscores the potential for continual learn-

ing techniques to enhance SV systems’ robustness and accuracy over time.

By presenting these novel results, we set a foundation for ongoing advancements in

speaker verification using continual learning, fostering further innovation and optimiza-

tion in this critical area of research.
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CHAPTER 4

Conclusion

4.1 Conclusion

The exploration of the continual learning paradigm for large-scale speaker verification

systems has yielded significant insights into the potential and limitations of various

strategies. Key findings and their implications are as follows:

4.1.1 Advantages:

1. Mitigation of Catastrophic Forgetting: Techniques like Elastic Weight Con-
solidation (EWC) and Replay methods effectively reduce the extent of catas-
trophic forgetting, enabling the model to retain previously learned information
while adapting to new data.

2. Scalability: The proposed methods facilitate the continual integration of new
speaker data without necessitating complete retraining, thus enhancing scalabil-
ity.

3. Improved Performance: The hybrid approach combining EWC and Replay
demonstrated the lowest Equal Error Rate (EER), underscoring the benefits of
integrating both parameter and data-level strategies.

4. Robustness: Incorporating high variance data in initial training stages prepares
the model to handle diverse and potentially disruptive new classes more effec-
tively.

4.1.2 Disadvantages:

1. Computational Complexity: Implementing continual learning strategies, espe-
cially hybrid approaches, increases computational requirements and complexity.

2. Memory Constraints: Replay methods necessitate storing a subset of past data,
which can pose memory constraints, particularly for very large datasets.

3. Evaluation Challenges: Continual learning systems require ongoing evaluation
and validation to ensure that performance improvements are maintained across
all learned tasks.

4. Class Imbalance and Data Shift: Managing class imbalance and distributional
shifts remains a challenge, requiring further refinement of data splitting and han-
dling techniques.



4.2 Summary

This thesis has presented a comprehensive study on the application of continual learning

techniques to large-scale speaker verification systems. By leveraging a diverse dataset

like VoxCeleb2, the research has demonstrated the feasibility and benefits of incremen-

tal learning strategies in addressing the dynamic nature of speaker verification tasks.

Key contributions include:

1. Implementation of Continual Learning Strategies: Various strategies, includ-
ing EWC, Replay, and their hybrid, were implemented and evaluated to address
catastrophic forgetting and enhance model adaptability.

2. Experimental Validation: Extensive experiments on benchmark datasets val-
idated the efficacy of the proposed methods, with significant improvements in
EER and minimum Detection Cost Function (min DCF) observed.

3. Development of Robust Baselines: The research established new baselines for
speaker verification under continual learning scenarios, providing a foundation
for future studies.

4.3 Future Scope

The findings of this thesis open several avenues for further research and development

in the field of speaker verification and continual learning:

1. Advanced Continual Learning Techniques: Exploring more sophisticated tech-
niques such as meta-learning and generative replay could further enhance the
adaptability and robustness of speaker verification systems.

2. Real-Time Continual Learning: Implementing real-time continual learning frame-
works that can process streaming data without significant delays will be crucial
for practical applications.

3. Handling Imbalanced and Noisy Data: Developing more effective methods for
managing class imbalance and handling noisy data will improve system perfor-
mance in real-world scenarios.

4. Cross-Domain Adaptation: Investigating techniques for cross-domain adapta-
tion to enable speaker verification systems to generalize across different environ-
ments and conditions.

5. Integration with Other Modalities: Combining speaker verification with other
biometric modalities, such as facial recognition, to enhance overall security and
accuracy.
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6. Scalable Deployment: Optimizing computational efficiency and memory usage
to facilitate the scalable deployment of speaker verification systems in large-scale
applications.

By addressing these areas, future research can build upon the foundations laid by this

thesis to develop more robust, adaptable, and efficient speaker verification systems ca-

pable of operating in diverse and dynamic environments.
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